Small cells (SCs) offer a promising approach to meeting the exponentially growing data rate demands. However, dense deployment of SCs can degrade the energy-efficiency (EE) of the network due to the additional deployed base stations (BSs). Under heterogeneous network (HetNet) deployments, SCs can be dynamically switched off for energy saving when traffic load decreases. We do this by defining a load-dependent transmission power coefficient (TPC) for SC BSs. In addition, with Device-to-Device (D2D) communication, mobile users in proximity can establish a direct link and bypass the BSs, thereby offloading the network infrastructure and providing further improvement of EE. In this paper, the objective is to rely on both D2D communications and sleeping SC BSs to offload traffic from the mains powered macrocell BSs leading to energy saving in the network. Furthermore, in order to consider D2D requirements under the practical application scenarios, we assume a framework for wireless video sharing, where users can store popular video files and share files via D2D communication. To begin with, we derive the EE expression of the cache-enabled D2D-aided HetNet. Then, to maximize the EE of the cache-enabled D2D-aided HetNet, the optimal load-dependent TPC for SC BSs is obtained under constraints on both network's coverage and rate. Using simulations, we will investigate the potential effects of the TPC defined for SC BSs as well as the introduced D2D layer on the network EE.
I. INTRODUCTION
Cellular networks traditionally have focused on spectralefficiency (SE) or meeting certain quality-of-service (QoS) requirements rather than improving the energy-efficiency (EE) [1] , [2] . More recently, however, the EE has become one of the essential design factors for next-generation 5G systems to accommodate the ever-growing traffic demands with desired QoS, to minimize the operational cost, and also to reduce Greenhouse Gas (GHG) emissions of wireless cellular networks [2] . Indeed, the energy cost and carbon footprint coming along with the rapid growth of mobile users have led to an emerging research area called ''green cellular networks'', which aims at addressing EE amongst the network operators and regulatory organizations. Therefore, the main goal of developing green cellular networks is to cut down total energy consumption, consequently to reduce GHG emissions The associate editor coordinating the review of this manuscript and approving it for publication was Ilsun You . without a considerable decrease in throughput, unlike the classical communication systems, where the only concern is to reach the maximum throughput. On the other hand, the typically high energy consumption required by cellular communications is a serious obstacle to large scale Internet of Things (IoT) deployments under cellular connectivity for example in the case of Smart City scenarios. As a result, cellular network operators are recently exploring ways to apply energy-efficient techniques to all vital components over cellular networks, including user equipment (UEs) terminals, base stations (BSs), and central data units. However, in accordance to statistical data, the key source of energy usage in cellular networks is BSs contributing approximately 80 percent of the total consumption [1] - [3] .
Device-to-device (D2D) communication, which enables a direct communication between two devices in proximity without BS's signaling, can effectively improve network EE and has been regarded as one of the key practical solutions for next-generation 5G cellular networks [4] . In fact, short distance communication and less transmission power will be feasible via D2D communication. This enhances the battery life of the mobile devices. As a result, a higher EE can be achieved with D2D communication in cellular networks. In addition, D2D communications can offload the traffic from the cellular BSs reducing the energy consumption of BSs as the main energy consumers in the cellular networks.
On the other hand, there have been several studies on energy-efficient heterogeneous network (HetNet) topologies with distributed small cells (SCs), including micro, pico and femto cells, in order to serve small areas with dense data traffic and low energy-consuming BSs (e.g., [5] ). However, dense deployment of SCs can degrade the EE of the network due to the additional deployed BSs.
A. RELATED WORK
One way to improve EE in a HetNet is to switch the SC BSs off or to keep them in energy-saving mode while preserving the QoS experienced by users. Note that the operation of a macro-BS (MBS) is hard to be terminated, because the coverage of a MBS is wide such that the impact of switching off will be enormous. In our previous work [6] , we proposed a Fuzzy Q-Learning based energy-efficient sleep/wake-up mechanism for BSs in a stochastic geometry-based HetNet. The goal was to save energy, without compromising the offered QoS, by switching off the redundant BSs according to the local traffic profile and depending on the required area coverage and cell EE. Sleep/wake-up strategies in stochastic geometry-based HetNets have been also studied in [7] - [9] . In [7] , the authors present both random and dynamic (i.e., traffic load-based) sleeping policies for MBSs. In fact, they consider EE maximization to design the optimal sleeping strategy for MBSs. Random sleep/wake-up strategies for BSs have been also studied in [8] and [9] . The optimal switch-off probability for MBSs based on minimizing BS energy consumption is derived in [8] . In [9] , the authors propose an energy-efficient design of a two-tier HetNet through deploying an activity-aware sleeping strategy in cognitive MBSs and femto-BSs (FBSs). Indeed, they use stochastic geometry to derive the coverage probability, total power consumption, and EE of the network with different sleeping strategies for the BSs.
Instead of traditional sleep/wake-up (i.e., OFF/ON) mechanisms, several multilevel sleep modes are proposed in [10] - [13] . IEEE 802.16m [10] proposes two power-saving strategies, i.e., sleep mode for UE and low duty operation mode for FBSs. In [11] , active, listening, and sleep schemes were used for a heterogeneous mobile network, respectively. In [12] , four sleep modes are further proposed, jointly optimizing power consumption and wake-up time in a femtocell network. In [13] , the authors aim to quantify the tradeoff between energy consumption and throughput in a HetNet where SC BSs have four distinct power-saving modes.
Under the traditional network architecture, BSs (particularly MBSs) cannot be switched off flexibly due to the requirement of coverage guarantee. To tackle this problem, instead of the traditional sleep/wake-up mechanisms, a continuous power control/adjustment strategy for SC BSs can be considered, which is much simpler than switching OFF/ON SC BSs from an implementation perspective. This can be done by defining a load-dependent transmission power coefficient (TPC) β (0 ≤ β ≤ 1) for SC BSs. In fact, a power control/adjustment strategy can be perceived as a generalization of sleep/wake-up mechanisms, where BSs may go into sleep and wake-up modes as special cases when β = 0 or β = 1, respectively.
In addition, D2D communications have been receiving significant research attention recently, due to their planned incorporation in future releases of LTE-Advanced (LTE-A) in beyond 4G and 5G cellular systems. Most of the current researches on D2D mainly focus on the system throughput aspect. For instance, in [14] , the authors focus on the power control mechanisms with the D2D transmitters to decrease the generated interference and therefore guarantee a reliable communication. In [15] , the interference from a BS to D2D user is avoided by dynamically changing the transmission channels, which is enabled through adjusting the resource allocation procedures. It is undoubted that network throughput will definitely increase due to the spectrum multiplexing in D2D underlaying network. However, the impact of D2D on network energy consumption is still open to research. In this work, it will be shown how the network EE will be influenced by D2D communication. Furthermore, in order to consider D2D requirements under the practical application scenarios and specific business requirements, we use a framework for wireless video sharing, where users can store popular video files and share files via D2D communication. Thus, the main novelty of this work consists in using the combination of SCs with continuous power control/adjustment strategy and D2D communication in order to achieve green and energy-efficient HetNets. This is done through a utility maximizing algorithm, i.e., via an EE maximization algorithm within the framework of a cache-enabled D2D-aided HetNet without compromising the QoS requirements. Note that the caching ability can reduce the backhaul load/congestion significantly [16] , [17] . For instance, the authors in [17] , propose a caching D2D scheme for SC networks, in which caching placement and D2D establishment are combined in order to reduce the backhaul pressure effectively.
B. MAIN CONTRIBUTION
In summary, based on the discussions conducted in the previous subsection, the key contributions in this paper are summarized as follows:
• In this paper, the objective is to rely on both D2D communications and SCs with power control/adjustment strategy to offload traffic from the mains powered macrocell BSs leading to energy saving in the network. Note that, to consider D2D requirements under the practical application scenarios and specific business requirements, we use a framework for wireless video sharing, where users can store popular video files and share files VOLUME 8, 2020 via D2D communication. To the best of our knowledge, the combination of SCs with continuous power control/adjustment strategy and D2D communication in order to achieve energy-saving via an EE maximization algorithm within the framework of cache-enabled D2D-aided HetNets has not been considered explicitly before.
• To begin with, using tools from stochastic geometry, we derive the EE expression of the cache-enabled D2D-aided HetNet. Then, to maximize the EE of the cache-enabled D2D-aided HetNet, the optimal load-dependent TPCs for the SC BSs are obtained under constraints on both network's coverage and rate, i.e., the expected achievable throughput. In fact, the goal is to maximize the EE with a minimum network SE requirement.
• Due to the non-convexity of the EE expression, we first propose an alternative solution by maximizing the lower bound of the EE. Then, we transform the new objective function (i.e., the lower bound of the EE) using techniques from nonlinear fractional programming.
• To solve the resulting optimization problem, we finally use an iterative Dinkelbach method using parametric objective function for the fractional program [18] , [19] . Simulations are given later to show how the network EE will be influenced by the defined load-dependent TPCs of the SC BSs as well as the D2D communications.
• As will be shown in the simulations, the proposed framework brings a significant advantage in terms of EE under constraints on both network's coverage and rate (i.e., the expected achievable throughput). More specifically, the power control/adjustment strategy of SCs, the caching placement and D2D establishment all together can reduce the backhaul load/congestion effectively by offloading traffic from the mains powered macrocell BSs leading to significant power savings in the network. The power savings and the maintained high coverage and rate in the proposed scenario translate to a considerable improvement in the achieved network EE compared to other conventional scenarios explained in Section V.
II. SYSTEM MODEL A. NETWORK TOPOLOGY
We consider a stochastic network topology (as in our previous works [6] , [20] , [21] ) for a two-tier HetNet where a macrocell tier is overlaid with a femtocell tier (see Fig. 1 ). It is assumed that the spatial distribution of the MBSs and FBSs is captured using two collocated and independent homogenous Poisson point processes (HPPPs), i.e., M and F with densities λ M and λ F , respectively. Similarly, users are scattered around the plane according to another independent HPPP U with density λ U . Users are classified into two categories: regular UEs, with density λ UE and cache-enabled D2D UEs, with density λ UD = λ U − λ UE . The former does not have the caching ability, whereas the latter, denoted henceforth as UDs, are cache-enabled. We also assume that the transmit power of MBSs, FBSs and users, are respectively P T M , P T F and P T U . In addition, we assume an open access network where a user can connect to any tier's BSs without any restriction [22] . It is further assumed that the user connects to the strongest BS, i.e., the one that delivers the maximum average received power.
B. SPECTRUM ALLOCATION
In this paper, we consider a frequency-division-duplex (FDD) implementation under LTE-A, where the downlink (DL) and the uplink (UL) utilize two separate frequency bands denoted here as f DL and f UL . Here we focus on the DL case and out-band D2D communication scenario where there is no interference between cellular and D2D transmissions. Such allocation enables harmonious and simultaneous D2D and cellular communications [23] , [24] . In this mode, we assume that the DL communication from the users to their serving FBSs and MBSs can only occur in a sub-band designated as f DL1 , whereas D2D communications take place in another sub-band designated as f DL2 .
III. PROBLEM FORMULATION
As mentioned, SCs offer a promising and viable approach to meeting the increasing demand for high-data-rate wireless applications and the exponential growth of data traffic. With the expected increase in the number of SC deployments, EE is a crucial system design parameter that demands consideration. Indeed, the dense deployment of SC BSs inevitably triggers a tremendous escalation of energy consumption. We propose two ways to improve the EE in such a dense deployment of BSs. One way to improve the EE is to switch the SC BSs off or to keep them in energy-saving mode while preserving the QoS experienced by users. We do this by defining a load-dependent TPC β (0 ≤ β ≤ 1) for SC BSs, which accounts for transmission power that scales with traffic load of the network, i.e., βP T , where P T denotes the transmit power of a BS. Thus, generally, in a K -tier HetNet, the power consumption of a BS in the k-th tier can be expressed as
where P const k is the static power consumption of a BS in the k-th tier. On the other hand, to further offload the network infrastructure and provide further improvement of EE, mobile users in proximity can engage in D2D communications. Therefore, in this paper, the objective is to rely on both D2D communications and SCs with power control/ adjustment strategy to offload traffic from the mains powered MBSs leading to energy saving in the network.
A. DOWNLINK CELLULAR AND D2D COVERAGE PROBABILITIES
We now present analytical expressions of DL Cellular/D2D coverage probability for any typical user in a K -tier HetNet. Note that in the simulations, we turn our attention to the special case of two-tier (femto-macro) HetNets described in our system model. Following the detailed explanations and derivations in [6] , we present the coverage probability formula, which is defined as the probability that a typical user in the network is in coverage, i.e., signal-to-interference-plusnoise ratio (SINR) is larger than a predetermined threshold τ k , conditioned on the fact that it is served by a k-th tier BS (k ∈ K, K = {1, 2, . . . , K }).
Theorem 1: The per-tier DL Cellular coverage probability is expressed as
where r k is the random distance between the tagged user at the origin and its corresponding k-th tier BS, and
is the association probability, i.e, the probability that a user associates with the k-th tier using the maximum received power cell association policy [22] . Furthermore, assuming a Rayleigh fading channel for all the communications links in the network with mean µ j (j ∈ K) for each tier's desired/interfering links, we have
where λ I j denotes the density of the interfering BSs from the j-th tier, (x) denotes the standard Gamma function, α is the path-loss exponent, σ 2 is the noise power, and
Proof: For a proof and to check the validity of the presented theoretical expressions, please refer to our previous work [6, Appendices A and B].
Remark: If the tagged user under consideration is served by a k-th tier BS, then the closest interferer in j-th tier is at least at a distance P T j /P T k 1/α r k [22] . If the initial density of BSs in tier k is λ k , then in case that a fraction of them are not active (either because they are switched off or simply because they do not have transmission), a thinning factor, i.e., p th k , will affect the original BSs' density. We note that the thinned process is HPPP if each BS is not active with probability p th k . Nevertheless, other thinning processes are not necessarily HPPP [25] , yet in this paper we consider the thinned process to be HPPP for tractable analysis. The expression in Eq. (2) can be further simplified as shown in the following special case. Corollary 1: Consider σ 2 → 0, i.e., operating in an interference-limited regime, then we have (5) , as shown at the bottom of this page.
Similarly, for the D2D link, we have the following analysis: Theorem 2: The D2D coverage probability is expressed as
where
where P T D2D denotes the D2D transmit power, r d is a random variable representing the D2D distance and ρλ UD represents the portion of the cache-enabled D2D UEs that are involved in active transmission causing interference to the tagged D2D connection, i.e., the one under consideration.
Corollary 2: Consider σ 2 → 0, then we will have similar expression for p cov D2D as the one shown in Eq. (5).
B. CELLULAR AND D2D LINKS COEXISTENCE
Nowadays, mobile devices have been mostly equipped with memory modules of large storage capacity. This enables users to store popular data files in their devices and share those files with other users upon request. In our D2D-enabled HetNet, users can request popular contents from neighboring users through D2D communication, whereas they can also request contents from the BSs (either SC BSs or MBSs) via the traditional cellular communication. It is assumed that users can request files from a set of m files, named ''library'', and
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unless stated otherwise, each UD (i.e., each cache-enabled D2D UE) has a cache memory of size 1 (i.e., z = 1) and m is set to 3. We further assume that BSs of different tiers are aware of the stored files as well as channel state information of the users, and they can control the D2D communications. For instance, when a user node x requests a file from the ''library'' of size m, the user node x establishes a link with a certain BS (let's say the nearest BS). Then, the BS looks for the requested file in the certain area where the user is located at the center point. If the requested file is found, the BS allocates sub-band f DL2 for the D2D link between user x and the user storing the file. Otherwise, user x receives the file through the traditional cellular network (i.e., through BSs). As mentioned, users follow PPP with average density λ U . Thus, the probability that l users exist in the area S is [26] 
where |S| indicates the area of district S. We denote by p i the probability that a user stores the file i. Consequently, the file i is distributed with the PPP model with average intensity λ UD p i . In addition, r d is the random distance between the reference user requesting file i and the nearest user storing the file i. Obviously, when r d > d, there exists no user storing file i in the area S (|S| = π d 2 ). Note that d is defined as the maximum allowable D2D distance. Thus, the probability of the reference user successfully establishing a D2D link in order to deliver the desired file is as follows
In Fig. 2 , we have shown the probability of successfully establishing a D2D/Cellular link, versus the normalized maximum allowable D2D distance, i.e., the normalized d. We can observe that the probability of successfully establishing a D2D link increases rapidly as d increases. The larger d means that the probability of finding the requested files becomes larger, thus resulting in more D2D links establishment (see Eq. (9)). It is worth noting that when d increases further, the probability of successfully establishing a D2D link remained stable (see Figs. 2 and 3 ). This is because users can find all of their requested files in the network virtual cache when the maximum allowable D2D distance becomes larger than a specific value. Furthermore, in Fig. 2 , we have illustrated the probability of successful cellular link establishment versus the normalized maximum allowable D2D distance. The trend of the probability of successfully establishing a cellular link versus the normalized d is in contrast with that of the probability of successfully establishing a D2D link. The reason is that a cellular communication link with the reference user is fixed if establishing the D2D communication link is failure. Obviously, as the number of D2D links in the network increases, the number of cellular links decreases. That is why, as seen in the figure, the probability of successful D2D and cellular links establishment have a complementary relationship. It is also worth pointing out that the analytical and simulation curves closely match in both D2D and cellular modes (see Section V for parameters' values). In addition, the effect of the number of network cache files, i.e., m, on the probability of successful D2D link establishment can be seen in Fig. 3 . We can observe from our simulations that for a fixed size of cache memory (here z = 10) and a constant d, there exists a unique optimal number of cache files, namely, m opt . Therefore, given the system parameters, we can obtain m opt . Obviously, as also seen in the figure, the probability of successful D2D link establishment will rise first with the increase of m, and then drop because the UDs' cache memory size z has been set to a fixed number (i.e., z = 10) and does not grow with the increase of m. In fact, when m becomes larger than a specific value, if UDs' cache memory size z remains unchanged, the increase of m not only cannot lead to the further increase of the D2D links and the probability of successful D2D link establishment, but also it causes a decrease in the related probability due to the imposed cache memory size constraint of UDs.
Clearly, only users without file i will send the request to get file i. Accordingly, on average, there are λ U Ś (1 − p i ) users who may request file i in the network, where Ś is the area of the cellular system. According to [26] , the probability that users cache the i th ranked file can be expressed as (Zipf distributions)
where r c ≥ 0 is a parameter named skew coefficient and characterizes the distribution by controlling the relative popularity. Furthermore, let q i denote the probability that file i is requested by a user; the user request probability q i also follows the Zipf distribution [26] . Based on the above explanations, the number of activated D2D links for delivering file i is obtained as follows
Accordingly, the expected number of active D2D links for all files can be given by
A cellular communication link with the reference user is fixed if establishing D2D communication link is failure. In other words, a traditional cellular link has to be established if the reference user cannot find the corresponding user who stores the desired file within the maximum transmission range of D2D links d. Thus, the expected number of cellular links for all files (or the expected number of users who obtain their desired files from the cellular network, i.e., from either SC BSs or MBSs) is
C. CELLULAR AND D2D DATA-RATE ANALYSIS Our main target in this subsection is to obtain the average transmission rate for both the cellular link and the D2D link. Firstly, if a typical user receives data through the traditional cellular network, i.e., directly from a BS in the k-th tier, the average achievable rate is expressed as follows
where expectation, i.e., E [·] operation, is taken over both the spatial PPP and the fading distribution. We assume that the average bandwidth w k and the related SINR k to be independent for tractability which does not compromise the accuracy of the analysis [27] . Considering an interferencelimited regime (σ 2 → 0), and following the derivation in Appendix A, R k can be written as follows
where L I agg (·) is the Laplace transform of the random variable I agg , and is characterized as Eq. (16), as shown at the bottom of this page. Note that I agg is the aggregate interference from all tiers' interfering BSs at the tagged user. Secondly, following the similar analysis, the average achievable D2D rate can be obtained as
where w D is the average bandwidth for the D2D links, and L I D2D (·) is as Eq. (18), as shown at the bottom of this page. Note that in Eq. (18) , N D2D is also representing the expected number of cache-enabled D2D UEs that are involved in active transmission (over sub-band f DL2 ) causing interference to the tagged D2D connection.
D. NETWORK EE METRIC
The other related studies in the literature investigate the network performance through the cell zooming or cell sleeping mechanisms. However, the impact of the D2D communications on the overall EE, which can alleviate the traffic load of both macro and SCs in densely deployed HetNets, is not addressed through the network optimization analyses. Take a step forward, this paper relies on both SCs with power control/adjustment strategy and D2D communications to offload traffic from the BSs leading to energy saving in the network. The overall network EE, measured in terms of Kbits/Joule, is defined as the ratio of total network achievable throughput to total network power consumption in the HetNet, i.e., (19) , as shown at the bottom of the next page, in which, 
represents the total power consumption of the network D2D communications. P BS k has been defined earlier in Eq. (1). P D2D denotes the power consumption of a D2D connection which is denoted as P D2D = P const D2D + P T D2D , where P T D2D and P const D2D respectively denote the D2D transmit power (P T U = P T D2D ) and constant power consumption of a D2D link. We denote by R total the total achievable throughput of the whole HetNet which can be derived as Eq. (20) , as shown at the bottom of this page. It is worth noting that our optimization goal is to maximize the derived network EE. To maximize the EE of our D2D-enabled HetNet, the optimal load-dependent TPC (i.e., β) for SC BSs is obtained under constraints on both network's coverage and rate. Thus, on the basis of fulfilling user requirements, maximizing the EE is equivalent to achieving the optimal value of the TPC β, i.e., β * , for the SC BSs.
IV. ANALYSIS OF EE OPTIMIZATION DESIGN A. NETWORK EE MAXIMIZATION PROBLEM
Now the problem of network EE maximization can be formulated as the following nonlinear optimization problem:
where C1 is a QoS constraint for the system, considering both network's coverage and rate. In fact, according to C1, the expected achievable throughput should satisfy the minimum network requirement. It should be noted that for the macrotier (i.e., when k = 1) β 1 = 1, as no power control is considered for the MBSs. In other words, the power control mechanism is considered only for the SC BSs, i.e., for tiers k = 2, . . . , K . However, same as before, we present the optimization problem for a K -tier network, and then in the simulation section we focus on the two-tier case (femto-macro) for easier exposition.
Since the objective function in Eq. (21) is in general not concave with respect to β k , standard convex optimization algorithms are not guaranteed to solve Eq. (21), and specific algorithms are required. Hence, an optimal solution is difficult to obtain due to the nonconvex structure of the objective function. Thus, we first attempt to obtain a suboptimal solution of β * k . According to the constraint C1, p cov D2D R D2D ≥ − K k=1 A k p cov k R k , therefore, from the EE expression (see Eq. (19)), a lower bound ψ(β k ) ≡ R(β k )/P(β k ) can be obtained for EE after some mathematical manipulations (see Eq. (22)), as shown at the bottom of this page. Thus, if the lower bound of EE, i.e., ψ(β k ), can be maximized, the overall EE performance of the network will be improved as well. As a result, instead of Eq. (21), we attempt to maximize the lower bound
Although, from a computational point of view, a reduction in the number of constraints is desirable, the key challenge in solving the above optimization problem is still the lack of convexity of the objective function due to its fractional form. In general, there is no standard approach for solving non-convex optimization problems. However, in order to derive an optimal power control coefficient for the considered problem, we introduce an equivalent transformation to handle the objective function via nonlinear fractional programming [18] , [19] , [28] . Thus, the first step in solving the non-convex problem in Eq. (23) is to handle the objective function, which comprises the ratio of two functions, via suitable transformation. We now transform the objective function in the fractional form into an equivalent one in the subtractive form to make the problem tractable. Without loss of generality, we define the maximum EE η * of the network as
Now, we introduce the following important theorem for solving the optimization problem in Eq. (23) . Proof: It follows from (19) and (20) that R (β k ) > 0 and P (β k ) > 0 are satisfied, and the EE expression (i.e., ψ (β k )) is well defined. The remaining proof can be completed by using a similar approach to that in [19] .
According to Theorem 3, for any optimization problem with an objective function in fractional form, there exists an equivalent optimization problem with an objective function in subtractive form, e.g., R (β k ) − η * P (β k ) in the considered case, such that both problem formulations lead to the same optimal solution. As a result, from now on, we can focus on the equivalent objective function. In the following subsection, an iterative algorithm, known as the Dinkelbach method [28] , is proposed for solving Eq. (23) with an equivalent objective function in subtractive form (in Eq. (25) ) such that the obtained solution satisfies the conditions stated in Theorem 3.
B. DINKELBACH'S ITERATIVE METHOD FOR ENERGY EFFICIENCY MAXIMIZATION
In this subsection, by exploiting the objective function R (β k )−η * P (β k ), we propose an iterative algorithm based on the Dinkelback method to solve the EE optimization problem. A summary of the detailed iterative procedure is given in Algorithm 1.
Note that the convergence to the optimal solution is guaranteed if the inner problem R (β k ) − ηP (β k ) can be solved in each iteration [28] , [29] . S2: Solve the following subproblem SUB(i):
and denote any solution point by β i k . S3: If |F (η i )| < (optimality tolerance), stop and β i−1 k is optimal. Otherwise set η i+1 = R β i k P β i k and i = i + 1, and go to S2.
Proof: Please see Appendix B for a proof of convergence and the detailed convergence analysis. It can be shown that the subproblem SUB (i) in Algorithm 1 is a single-variable quasiconvex optimization problem, and β k has a unique solution. Therefore, this subproblem can be solved by searching the entire domain of β k ∈ S = [0 1].
It should be also noted that according to [19] , the following three statements are equivalent.
The algorithmic complexity of the proposed scheme in Algorithm 1 can be determined, which leads to a total complexity of O(I × (K − 1)), where I is the total number of iterations required for reaching convergence in Dinkelbach method, and K − 1 is the total number of tiers (here all SC tiers) involving in the optimization problem of finding the optimal TPCs. Note that in the proposed K -tier HetNet, no power control is considered for the macrocell tier.
V. SIMULATION RESULTS
Simulation results compare three evaluation scenarios; our proposed framework, the conventional small cell power control scheme (e.g., [30] and [31] ) and a conventional small cell random sleep/wake-up method (e.g., [8] , [13] ). More specifically, the three evaluation scenarios are (A) the proposed framework which we refer to here as the ''Proposed: PC + Cache-enabled D2D-aided HetNet'', i.e., when the continuous power control/adjustment strategy for SCs is combined with D2D communication within the framework of cacheenabled D2D-aided HetNets. Note that ''PC'' refers to the conventional SC power control, where SC BSs dynamically change their transmit power based on varying traffic load to offload traffic from the mains powered MBSs leading to energy saving in the network. (B) when the network is neither cache-enabled nor D2D-aided, and only the conventional SC power control is applied (i.e., the second evaluation scenario: ''Conventional: PC''), and finally (C) a random sleep/wakeup mechanism for SCs in the HetNet (i.e., the third evaluation scenario: ''Conventional: Random Sleep/Wake-up based HetNet'').
For easier exposition and without loss of generality we henceforth turn our attention to the special case of two-tier (femto-macro) HetNets (i.e., K = 2). In Fig. 4 , we have shown the coverage simulation of the cache-enabled D2Daided HetNet for the given parameters, where the D2D connections are shown by solid black lines. For the macro-tier (i.e., when k = 1) β 1 = 1 because no power control is considered for the MBSs. The power control mechanism is considered only for tier k = 2, i.e., the FBSs. Thus, using Algorithm 1, the optimal TPC (i.e., β * 2 ) will be obtained for the FBSs. In Fig. 5 , we show the value of the R (β 2 )−η i P (β 2 ) versus the TPC of the FBSs. As seen in this figure, the optimal TPC for the FBSs is found via the proposed Algorithm 1. Obviously, there exists a unique optimal TPC for the FBSs. We observe that β * 2 is almost 0.22 for the simulation settings given in Table 1 . We can also see in Fig. 6 , that the highest value of average network EE is achieved almost at β 2 = 0.22. As it was expected, with the increase of β 2 , the network EE curve will rise first and then drop due to the rise of power consumption caused by the increment of FBSs. In fact, β 2 = 1 means that all the FBSs transmit with their maximum allowable transmission power, which can attenuate the network EE as seen in the figure. The optimal solution β * 2 is used in the operation of the FBSs to maximize EE while satisfying QoS requirements. Indeed, we can conclude that, if the system parameters of the network are available, we can compute the optimal TPC for the FBSs to get the maximum network EE.
In Fig. 7 , it is observed that F (η) gradually approaches to zero and meets the optimality condition as stated in Theorem 3. In other words, the iterative algorithm converges to the optimal value of β * 2 within a few number of iterations for the considered problem. In addition, the optimal network EE can be achieved within a few iterations. Note that ''the number of iterations'' is referring to the number of iterations of Algorithm 1.
In Fig. 8 , we consider the potential influence on EE when D2D communication is introduced along with the SCs with power control. We can see that for the proposed framework (i.e., ''Proposed: PC + Cache-enabled D2D-aided HetNet''), the obtained EE is much higher than when the D2D communication capability has not been introduced in the network, and only the conventional power control is applied (i.e., ''Conventional: PC''). Moreover, as it is observed from the zoomed-in view of the ''Conventional: PC'' curve, the optimal solution of β 2 to maximize EE is larger (i.e., β * 2 = 0.57) when D2D communication is not introduced to the network (i.e., when the network is neither cache-enabled nor D2D-aided). This is because the caching placement and D2D establishment can offload more trafic from the cellular BSs. As a result, we can see that caching placement and D2D establishment together will benefit SCs' power control strategy in terms of power consumption, and they are energy efficient to the entire network.
Furthermore, as seen in Fig. 8 , a random sleep/wake-up mechanism is also considered (i.e., ''Conventional: Random Sleep/Wake-up based HetNet'') over the HetNet. Note that we consider the same random sleep/wake-up strategy proposed in [8] and [13] where each FBS goes to the sleep mode with probability 1 − ρ (0 ≤ ρ ≤ 1) and continues to operate in the wake-up mode with probability ρ. In the Random Sleep/Wake-up scenario, where the operation mode of FBSs is decided randomly, the achieved network EE is less than that of the other scenarios particularly when compared with our proposed scenario. It is worth mentioning that the ''Conventional: Random Sleep/Wake-up based HetNet'' and ''Conventional: PC'' curves meet each other at ρ = β 2 = 1, i.e., when all the FBSs transmit (wake-up mode) with their maximum allowable transmission power. It should be noted that QoS is also an important criterion to measure the performance of the mentioned scenarios. The critical issue is to solve a tradeoff problem for QoS assurance and EE in the sleep/wake-up mechanism design which is difficult to achieve the two targets simultaneously. Fig. 9 depicts the fraction of users in the network with desired QoS. As it was expected, the Random Sleep/Wakeup scenario ignores the QoS requirement desired by the users. The QoS is, in this paper, related to the throughput received by users. Specifically, the QoS is the proportion of users that have a throughput higher than a target threshold of 500 Kbps [32] . As it is seen, a larger proportion of users in the proposed framework achieves a throughput higher than the target throughput. It is desirable to maximize SE and EE simultaneously. However, as depicted in Fig. 10 , maximizing one metric does not mean that the other one is also maximized. In fact, the optimal EE performance often leads to low SE performance and vice versa. This is due to the fact that SE may lead to transmitting with the maximum allowed power for a long period and thus deviate from EE designs. Therefore, it is often imperative to make an optimal trade-off between the EE and the SE. Fig. 11 gives a quantitative description of the proposed framework gain in terms of the network power consumption. More specifically, the network power consumption is depicted versus the TPC of the FBSs. We have compared the obtained result with the other two conventional methods, as shown in the figure. The presented results demonstrate that the proposed method generally leads to almost 15% more power saving than the ''Conventional: PC'' method.
For our proposed framework, the EE of the HetNet versus the maximum allowable D2D distance is shown in Fig. 12 . Obviously, following the earlier explanations, there exists a unique optimal distance d. Thus, if the system parameters of our HetNet are provided the optimal distance d can be obtained by solving the corresponding optimization problem. Note that if the D2D communication range increases, the probability of finding a file from the cache-enabled D2D UEs (i.e., UDs) also increases, which will result in more D2D links establishment. Thus, the network EE curve will rise first and then drop due to the rise of power consumption caused by the increment of D2D links. In addition, for a given d, the smaller the size of cache memory (i.e., z) of UDs, incurs lower EE. It means the larger the cache memory size of UDs is, the higher EE the HetNet obtains. Note that all the shown curves are almost overlapped when d becomes large enough. This is because when d becomes larger, the probability of finding a file from the UDs gets closer to 1, no matter how large the UDs' cache memory size z is. Note that we have considered the value of m to be 100 for all the shown curves in Fig. 12 . In Fig. 13 , we show the effect of the number of network cache files, i.e., m, on the EE of the network for the proposed framework. Similarly, for a fixed d = 200m, we can observe from the simulations that there exists a unique optimal number of cache files which can be computed, as mentioned earlier. Obviously, as can be seen from the figure, considering a fixed D2D distance d and the limited UD's cache memory size, the network EE increases first with the increase of m and then drops quickly when m gets larger. Furthermore, for a given m, the smaller the size of cache memory (i.e., z) of UDs incurs lower EE.
To have a full picture of the network EE and SE with respect to the maximum allowable D2D distance and the number of cache files, the corresponding three dimensional (3D) figures are presented in Figs. 14 and 15 . In the simulation, as Fig. 14 shows, we can obtain the relationship between three parameters including the network EE, the maximum allowable D2D distance d and the number of cache files m. From the 3D figure, and based on the descriptions of Figs. 12 and 13, we can conclude that, under a fixed m (d), the network EE increases first with the increase of d (m) and then decreases, i.e., there exist unique optimal values of d and m, respectively. Based on the above arguments, similar statements and discussions can be made regarding the relation between the network SE, the maximum allowable D2D distance d and the number of cache files m (see Fig. 15 ). Thus, this work can be a comprehensive guideline for researchers to select the suitable d and m according to the real network requirements of EE and SE. 
VI. CONCLUSION AND DISCUSSION AND FUTURE RESEARCH DIRECTION
In this paper, the objective is to rely on both D2D communications and SCs with power control/adjustment strategy to offload traffic from the mains powered macrocell BSs leading to energy saving in the network. In the proposed framework, a user obtains its requested data file through either a D2D link or traditional cellular link. Using tools from stochastic geometry, we derive the EE of the cache-enabled D2D-aided HetNet. Then, to maximize the EE of the cacheenabled D2D-aided HetNet, using an iterative Dinkelbach method, the optimal load-dependent TPCs for the SC BSs are obtained under constraints on both network's coverage and rate. Finally, through simulations and in a two-tier (femtomacro) scenario, we study the effect of the TPCs of the FBSs as well as the introduced D2D layer on EE. We show that there indeed exists an optimal TPC for the FBSs to maximize the EE in the D2D-enabled HetNet.
As for the specific research direction in the future, besides what have been discussed and presented in the previous sections, there is another issue that needs to be carefully investigated in this research study.
Recently, HetNets have emerged as a new promising paradigm to fulfill the ever increasing wireless network capacity and coverage demands. In HetNets, multiple types of SC evolved SC BSs with low transmission power coexist with MBSs with high transmission power. Because of the full frequency reuse deployment in HetNets, most of the past studies focused on spectrum sharing and interference coordination/avoidance/mitigation to improve the SE. However, the EE (or green communication) aspect has been slightly neglected for HetNets. Indeed, as mentioned, the EE is another promising requirement particularly when SCs are densely deployed to enhance the QoS and bring the network closer to end users.
Furthermore, future mobile networks should be evolving towards to be more energy-efficient and environmentally friendly; therefore, the corresponding architecture design, resulting operation, and implementation are envisioned to pursue minimal impacts on the human environment, whether from the energy consumption or from GHG emissions point of view. Hence, in the following, we summarize the main reasons (from the viewpoints of operators, networks, and terminals, respectively) why EE design/networking should be paid more attention:
• The challenges facing mobile network operators are the paradoxical trends between the more advanced QoS guarantees but the decreasing revenue earnings, which indicates a contradictory relationship between the operation/energy consumption expenditure and the monetary profit.
• Functional structures, network system architectures, and wireless environments are becoming increasingly intelligent, dynamic, and heterogeneous. These are motivated by the diverse QoS requirements. In the meantime, network flexibility, robustness and greenness are promisingly becoming the research focus of the wireless community.
• The terminals have capabilities of more intelligence and multi-homing with higher QoS requirements, which are largely determined by the promising cognitive radio and cooperative communication networking. Thus, the reduction of energy consumption has become an important way of increasing the profits of both operators and users in mobile communications industry regardless of the financial or the environmental considerations or better QoS provisioning. Moreover, in order not to follow the one-sided pursuit of SE, the EE should also be taken into consideration in the next generation of mobile communications. The concept of energy-efficient design/networking means monetary benefit for the operators and much better QoS for extending and prolonging the battery life of user (or D2D-enabled user) terminals by implementing new network architectures with low signaling overhead.
In summary, SE and EE are among the most important venues for technological advances in current and emerging wireless communication networks. The past decade has witnessed tremendous efforts and advancement made by both the academic and industrial communities for improving SE. Due to the steadily rising energy cost and environmental concerns, energy and power efficiencies of wireless networks have become more crucial over the last few years. While there has been a paradigm shift from improving SE to reducing energy consumption, a dilemma also arises as some EE criteria are in conflict with the SE objectives. Hence, there is an urgent need to address key challenges and state-of-the-art solutions for joint spectrum and energy efficient design and optimization of wireless communication networks.
Existing works on the energy-and-spectral efficiency tradeoff can be divided into two categories: the first one is to characterize the mathematical relationship between the EE and the SE as accurately as possible; the other one (same as ours) is to maximize the EE with a minimum SE requirement or to maximize the SE with a minimum EE requirement.
In this work, we mainly focused on the energy efficient architecture design. In future, we will consider the spectrumenergy trade-off utility function design with different concerns, and use the decomposition methodology to analyze it. This is the important thing to investigate the trade-off relationship between the energy and spectral efficiency when implementing the proposed architecture.
APPENDIXES APPENDIX A DERIVATION OF R k
From the expression of R k in Eq. (14), we have
where h k is the exponentially distributed channel between the tagged user and its serving BS from k-th tier. We denote by b 0,k the serving (tagged) BS of tier k. The term j∈K . . . = I agg is the aggregate interference from all tiers' interfering BSs at the tagged user. Also, g i is the exponentially distributed channel between the i-th interfering BS in the j-th tier, and R i is the distance of the i-th interferer in the j-th tier (i.e., captured by the point process j ) from the tagged user.
According to the fact that E [X ] = ∞ 0 P[X > t]dt when X > 0, the above expression is rewritten as follows 
where L I agg is the Laplace transform of the random variable I agg , and it is given in Eq. (16) (please refer to our previous work [6] : Appendix A, for the detailed derivation of L I agg ). Finally, considering an interference limited regime (σ 2 → 0), we obtain the expression in Eq. (15) .
APPENDIX B PROOF OF ALGORITHM 1 CONVERGENCE
We follow a similar approach as in [19] and [29] for proving the convergence of Algorithm 1. We define the equivalent objective function in Algorithm 1 as F (η) = max β k {R (β k ) − ηP (β k )}. It should be noted that for this proof, we consider the statement S1 in Eq. (26), i.e., η < η * .
Lemma 1: F(η) is strictly monotonic decreasing, i.e., F(η ) < F(η ), if η < η (η < η < η * ).
Proof: Let β k ∈ S and β k ∈ S respectively maximize F(η ) and F(η ). Then, we have
Lemma 2: Assuming that β k ∈ S be an arbitrary feasible solution and η = R(β k ) P(β k ) , it is proven that F η ≥ 0 (when η < η * ).
Proof
Following the above discussions, we can now prove the convergence of Algorithm 1.
Proof of Convergence: Considering the statement S1, it can be shown that the EE η increases in each iteration (or, as seen in Fig. 7 , the EE η decreases in each iteration if the statement S3 in Eq. (26) is considered). Then, it will be shown that if the number of iterations in Algorithm 1 is large enough, the EE η converges to the optimal η * such that it satisfies the optimality condition in Theorem 3, i.e., F (η * ) = 0. Let β i k ∈ S be the optimal TPC in the i-th iteration. We assume that η i = η * and η i+1 = η * are respectively the obtained EE in iterations i and i + 1. According to Theorem 3 and Lemma 2, F (η i ) > 0 and F (η i+1 ) > 0 must be true. On the other hand, in Algorithm 1, we can see that η i+1 is calculated using the obtained β k in the the i-th iteration, i.e., η i+1 = R β i k P β i k . As a result, F (η i ) can be expressed as F (η i ) = R β i k − η i P β i k = η i+1 P β i k − η i P β i k = P β i k (η i+1 − η i ) > 0. We know that P β i k > 0, thus η i+1 − η i > 0 and η i+1 > η i , unless we are already at convergence. By combining η i+1 > η i , Lemma 1 and Lemma 2, it can be shown that as long as the number of iterations is large enough, F (η i ) gradually approaches to zero and meets the optimality condition as stated in Theorem 3.
